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Abstract. The ongoing surge in the amount of users that engage in
online activities, as well as the expansion of the type of such activities,
has recently made it clear that there is a widening gap between current
knowledge representation and reasoning tools and the type of knowledge
that is essentially up for grabs for whoever is willing (and has the tools)
to extract it from social media sites. In this position paper, we propose
the concept of Social Knowledge Base (SKB, for short) as an extension of
traditional KBs with representation and reasoning capabilities that arise
from the singular combination of characteristics that define this setting:
(i) ontological knowledge, (ii) user preferences, (iii) reasoning under un-
certainty, (iv) stream reasoning, and (v) representation of complex social
networks. We propose a list of desirable properties—a desiderata—that
next-generation KR formalisms for modeling and reasoning with SKBs
should enjoy. The treatment is non-technical, focusing on building a road
map of the formidable list of problems that must be solved in this com-
plex setting rather than proposing a concrete solution, which would be
impossible in a single article. We conclude by proposing some first steps
towards achieving this goal.
Keywords: Social Web, Complex Networks, Reasoning Under Uncer-
tainty, Preferences, Ontology Languages
1 Introduction and Motivation
Recent times have seen a veritable explosion in the amount and kind of informa-
tion that is available to anyone with a connection to the Internet. This explosion
has its roots in the so-called World Wide Web [1], which revolutionized internet
applications by allowing users to link resources with one another and easily or-
ganize the material that they wish to publish. The second revolution came with
the advent of Web applications in which users produced their own material, such
as in blogs or forums where users share information ranging from plain text to
photos, videos, and audio—this “new version” is often referred to as Web 2.0
to highlight that a step was taken since the implementation of the original idea.
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Finally, in the last few years, the Web has once again taken an evolutionary
step: in its current form, which many refer to as Social Web (or the Web 3.0),
users and the relationships among them are the central participants. Another
revolutionary aspect that appeared in Web 3.0 is that data is now also produced
automatically by computers; examples of this are data output by the host of sen-
sors now carried by most smart phones, or by the smart homes that are slowly
becoming more and more present.
Unfortunately, research in Knowledge Representation and Reasoning for-
malisms has lagged behind this rapid evolution in how data is created and dissem-
inated. The goal of this position paper is thus to explore a desiderata—a list of
desirable characteristics—for the development of what we will call social knowl-
edge bases (SKBs, for short). The idea behind this line of research is to derive a
framework and methodology akin to Ontology Based Data Access (OBDA) [23]
that is specialized for the unique social aspects discussed above. Our work is
influenced by recent proposals in the complex networks literature [21, 20], which
also establishes a set of criteria that is desirable for modeling cascades, a specific
phenomenon that—as we will see—also plays an important role in our setting.
Our desiderata are therefore inspired in this work, but necessarily go above and
beyond their scope given the greater generality of the problems that need to be
solved.
We now describe two settings that we will use as running examples to moti-
vate our discussion. The first setting is an online matchmaking service.
Example 1 (Friendship/Dating site). Consider a web site where people register
and complete a profile with the objective of meeting new people—the goal might
be to establish a romantic relationship or simply make new friends. As a way
to simplify the creation of profiles, the site offers the option to log in with the
users’ favorite social media site (like Facebook, Twitter, Google Plus, etc.), and
optionally also link the profile with multiple such sites.
The main aim of the site is to match people who have compatible personal-
ities; in order to have tools that can be leveraged to solve this (very difficult)
problem, the site allows users to explicitly specify their preferences in differ-
ent domains, such as music, literature, movies, and even relationships—these
inputs are complemented by the information that is extracted (with the users’
permission) from their linked social media profiles. 
The second example setting is a comprehensive trip organization service.
Example 2 (Travel site). As a second example, suppose we have a web site (simi-
lar to TripAdvisor1) that is designed to help people choose a place to spend their
next vacation; it includes information on destinations, transportation, hotels,
tours, restaurants, best season to go, etc. Members publish reviews, including
numeric scores for several different categories as well as free text where they can
go into detail regarding their experience. There are rich social features available,
such as tagging in posts or reviews, suggestions, and private messages.
1 http://www.tripadvisor.com/
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As before, we assume that users are able to sign in with their social media
accounts, which gives the system the possibility to extract relevant information—
for instance, to suggest a destination, the system might use the fact that a user
participates in Facebook groups for learning the German language to infer that
they probably would like to travel to Germany. 
In the following, we describe a list of desiderata to achieve the goal of de-
signing a formalism to model and reason with social knowledge bases. As we
will argue below, the problem essentially requires the combination of knowledge
representation machinery for areas that have up to now largely been considered
in relative isolation: (i) ontology languages, (ii) preference models, (iii) reasoning
under uncertainty, (iv) stream reasoning, and (v) complex social networks.
2 Desiderata for Building and Querying Social KBs
In the previous section, we argued that it is necessary to develop novel KR tools
to reason with social data; we will now offer further support for this argument
by proposing a series of characteristics and capabilities that SKBs should have—
developing such a desiderata has the additional value of acting as a road map
for guiding future research efforts in this direction. For further discussion of
literature related to each point, see Section 4,
(1) Model complex networks. In social knowledge bases, it should be pos-
sible for entities to be of different types: people, products, companies, books,
movies, etc. Furthermore, it should be possible for there to be different kinds of
relationships among them. It is thus necessary to be able to represent networks
with different kinds of nodes, as well as multiple attributes and relationships for
each one—such models are often referred to as complex networks [2].
Consider the setting from Example 1; in this case, it is clear that it would
be useful for connections between users to contain additional information about
the relationship they have. For instance, kind of tie (relative, classmate, work
partner, etc.), how long they have known each other, how many social media
sites they frequent, etc. Another important observation is that connections do
not always need to be symmetric—in the dating example, person A can consider
person B to be a good match, but B may not agree. Having rich information
about entities and how they are related can thus be useful to improve users’
experiences.
(2) Model atomic actions. A specific set of actions (by agents or exogenous
factors) that can occur in the domain need to be identified.
Considering social media sites like Facebook or Google Plus, such actions
could include posting, commenting, liking/+1 a post, friending/unfriending,
messaging, etc. It is these actions that will be the building blocks for infer-
ences about preferences or regarding reasoning under uncertainty, as we will
discuss below. Also in connection with a point discussed in the following is the
fact that an adequate selection of atomic actions to be modeled will have an
impact on computational tractability. User data in social media suffers constant
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change, and a regular user could produce a large amount of data per day; de-
pending on the way in which the SKB will be used, it may not be necessary to
incorporate all of this data into the model. For instance, regarding the setting in
Example 2, it may be a good idea to incorporate comments as actions since users
may give information regarding preferences in their mode of travel (for example,
that they are afraid to fly); on the other hand, this might be less relevant for
Example 1. Hence, it is essential to characterize and prioritize atomic actions so
that resources are not wasted by processing and storing unnecessary data.
(3) Model quantitative and qualitative preferences. Quantitative pref-
erences are often useful when automatically learning from data, or in simple
domains; on the other hand, qualitative preferences (defining strict partial or-
ders) are often more naturally elicited from human beings but more difficult to
extract automatically.
To illustrate this point, consider the travel setting from Example 2. Quantita-
tive preferences could be obtained from users’ explicit rankings of favorite cities,
countries, museums, beaches, etc. On the other hand, reviews or polls could also
provide less structured preferences, such as the fact that the user prefers beach
destinations to mountain ones, or that hotels near the city center are preferred
over those that are not.
(4) Reason about groups. Social knowledge is inherently related to groups of
entities (where entities are not necessarily all people); groups sometimes function
as higher-level entities with their own preferences, relationships, etc.
There are many ways in which groups can be important when leveraging
social knowledge. In Example 1, a group may be defined with respect to people’s
age group and interests, and the general preferences of such groups can be used
in order to supplement the preferences of the individual. On the other hand, in
Example 2 one can take the users’ closest friends as a source of suggestions for
travel destinations or activities—in this case, the group of friends is used as the
basis of a kind of crowdsourcing. Challenges in this respect involve identifying
the best possible composition of groups (for instance, determining who the users’
closest friends are by considering how long they have known each other, share in-
terests, etc.), and what to do about group members with conflicting preferences.
The latter has been recently addressed in [16].
(5) Reason about cascading processes. One of the main characteristics of
social networks is that information “flows” through them—this kind of dynamic
is often referred to as a “cascading process” [11].
A clear example of this kind of process can occur in the travel domain (Ex-
ample 2), where a user might travel to a new destination and post a series of
pictures with very positive comments about their experience. This might cause
several of the user’s connections to “like” that destination and even plan trips
there—the process can of course continue, with the new converts’ activities caus-
ing some of their connections to do the same. It is thus important to model how
influence propagates; there is extensive work in this area, and the logic program-
ming proposal of [20] is perhaps the closest in spirit to the general approach that
is required for SKBs.
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(6) Flexible characterization of consistency/inconsistency. Classical con-
ceptions of consistency are not adequate for modeling the kind of information
that occurs in social settings—a more flexible approach is required for handling
conflicts.
In our example settings, simple inconsistency cases might occur, for instance,
when users have accounts in several social media sites but focus more on one than
the others. Since data is usually not shared between accounts, it can occur that
a user who lives in city C1 later moves to city C2 and only updates their profile
for one of the accounts. An SKB taking information from these profiles would
thus encounter an inconsistency. A more challenging case of inconsistency, much
more difficult to characterize, is the case of a user of the system in Example 2
who strongly prefers beach destinations but suddenly starts paying attention to
mountain-related places and activities (such as with +1s, posts, comments). The
classical way to deal with the above situations is to try to modify the information
contained in the knowledge base as little as possible in order to reach a consistent
state without losing unnecessary information [7]; this is closely related to the
following point.
(7) Social network-based belief revision operators. In close connection
to the previous point, belief revision operations need to be applied in response
to different kinds of events that signal changes in the SKB. The difference with
respect to the classical setting is in relation to other points on this list—in
particular, consistency, cascades, and uncertainty.
Among these, the relationship between cascades and belief revision operators
is, to the best of our knowledge, never been studied. As an example, consider
our travel setting and suppose an influential individual changes their opinion
with respect to a certain destination (for instance, they start to express negative
opinions about it and “unlike” the relevant pages), causing others to follow suit;
how should this cascading belief revision process evolve?
(8) Reason about uncertainty. Conflicting information and inherently un-
certain data makes it necessary to have an explicit representation of uncertainty.
There are many examples of the need to reason with uncertain knowledge. In
our example dating application, some user information is private, and so cannot
be directly used and perhaps only approximations can be obtained. For instance,
user location can be approximated by content-based methods leveraging features
of posts, such as mentions of place names and use of local dialect—since these
are prone to error, a measure of probability must be assigned that depends on
the kind and amount of information that supports each inference. Approaches
to reasoning with ontological knowledge and user preferences have recently been
proposed in [17].
(9) Rich query answering. Social knowledge is rich, and access to such
knowledge often requires queries that combine the basic relational database-style
queries with the graph-based queries often used in linked data [4].
Consider the travel setting from Example 2; queries to an SKB in this case
might involve complex requests such as “hotels with free wi-fi connection that
have been positively reviewed by people who share my views and that at least one
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connection recommends, in order of preference”. This involves reasoning under
uncertainty (it is not always possible to determine if free wi-fi is available),
reasoning about groups, and network structure, and preferences. Formalizing
novel types of queries for SKBs, and obtaining effective algorithms to answer
them, is therefore one of the main challenges ahead. Recent work [10] that can be
leveraged towards this goal has proposed efficient algorithms for social networks
under uncertainty.
(10) Time and space constraints: scalability and stream reasoning.
Successful SKB formalisms must be able to cope with very large knowledge
bases that are updated often with information that must be processed on the fly
(or nearly so).
Micro-blogging is a clear example of how often new data is created: Twitter
has about 100M active users who post over 230M tweets a day [3]. Processing
such a high volume of data—much of which may not even be valuable [13] and
that has a short life span—is a formidable challenge. An even greater challenge
is to make the tools and processes that we propose in the previous points work
adequately in such a setting. Considering the travel application from Example 2,
a site with many active users must deal with a large volume of new comments,
reviews, multimedia posts, and connections between users; an SKB that models
even a portion of this activity must therefore be able to keep up with updates
that, as we have seen, involve complex reasoning tasks.
3 Outlining a Framework for Social Knowledge Bases
Using the list of features discussed in Section 2 as a guide, we now briefly outline
what a framework that integrates all of them might look like. A social knowledge
base can be modeled as a 5-tuple of the form SKB = (O,N, P,M,B), where:
– O is an ontology modeling the general knowledge about the domain. For in-
stance, in the travel domain O would contain the database of hotels, flight
routes, etc., as well as intensional knowledge such as hostels are a kind of
lodging, or wi-fi is a kind of internet connection. This component could be
modeled with the Datalog+/– family of ontology languages [5], which con-
tains many different fragments focused on tractable query answering that
generalize other well-known ontology languages such as the DL-Lite family
of description logics.
– N is a model of the underlying social network structure. Since this is a kind of
ontological knowledge, it could also be modeled using Datalog+/–; however,
we propose to model them as separate components so that other approaches
that are more specific can be used, such as the MANCaLog language [20].
– P is a preference model over the consequences of ontology O. This kind of in-
tegration has already been proposed in [14] and later extended to preferences
under uncertainty [17] and preferences over groups [16].
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D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
O – Ontology × × × × × × × × × ×
N – Network × × × × × × × ×
P – Preferences × × × × × ×
M – Probabilistic model × × × × × ×
B – BR operators × × × ×
Fig. 1. Assuming an SKB of the form (O,N, P,M,B), this table shows an example of
the involvement of each component in satisfying the desiderata from Section 2. Different
application settings may require different setups.
– M is a probabilistic model for ontology O. There are different ways in which
probabilistic uncertainty can be integrated into ontological knowledge. For
instance, in [8] annotations are added to both extensional and intensional
knowledge, and the probabilistic model provides a probabilistic distribution
over the annotations—this is an elegant way to allow for a separation of
interests between the two models. Of course, other possibilities may be more
appropriate depending on the domain of application.
– B is a set of belief revision operators. As was motivated before, revision op-
erators that are informed by all the other components are needed in order to
modify the knowledge base when new information needs to be incorporated.
One approach in the logic-based probabilistic belief revision literature is the
recent work of [22], which studies quantitative approaches to belief revision
in a probabilistic structured argumentation language.
These components are coupled differently depending on the modeling or rea-
soning task that they are required to perform—the table in Figure 1 shows how
each component might be typically involved in addressing each desideratum pro-
posed above. For instance, desideratum D6 regarding consistency might involve
components O, N , P , and M , since determining consistency may require onto-
logical knowledge, access to network connections, user preferences, and proba-
bilities. Of course, different applications may require different setups; returning
to our example, in this case perhaps social connections are not considered for
assessing consistency.
4 Discussion: Related Work and Challenges
Extracting, representing, and reasoning about the kind of information described
above is a complex problem; although the examples may look simple, many
issues arise when trying to combine all available data. There are some recent
developments in the literature on ontological languages that are related to our
present efforts in that they have already begun to investigate how some subsets
of these areas can be adequately combined. The Datalog+/– family of ontology
languages [5] has recently received a lot of attention given its flexibility and
variety of available fragments that ensure tractable query answering. In [14],
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the authors explore an extension of Datalog+/– with preference models that
allows to rank the answers to queries with respect to users’ preferences; a fur-
ther extension to this approach was proposed in [16], where group preferences
are considered as well. A related approach, considering the problem from the
somehow dual perspective of extending the general model of CP-theories for
preference representation with ontological constraints, was recently proposed
in [19]. Another recent approach is the Prob-EL formalism [9], which extends
the EL description logic with probabilistic uncertainty over both assertional and
terminological knowledge.
In a separate but closely related vein, Datalog+/– was also extended with
probabilistic models in [8], where the authors study both algorithms for rank-
ing answers with respect to their associated probabilities and query answering
under inconsistency. These two lines were considered together in [17], where the
authors explore the problem of ranking answers to queries with respect to both
probabilistic uncertainty and user preferences. Several other ontology languages
have been extended with probabilistic uncertainty—see [18] for a survey of ear-
lier approaches. Also related to this line of research is the study of probabilistic
databases [12], where the ontological aspect is missing but the focus is rather on
computational tractability. Another quite recent formalism for expressing pref-
erences under uncertainty—also not ontology-based—was introduced in [15].
Stream reasoning [6] refers to the problem of processing information that
continuously becomes available and cannot all be stored (a fixed window is gen-
erally assumed). From the point of view of making sense of data in social media,
the recent work of [3] analyzes key research questions for mining data with se-
mantic content from social media streams. Their work is perhaps the closest in
spirit to our goal, though the main difference is that they are focused primarily
on extracting information while we are focusing on the problems of adequately
organizing and accessing the information that is already extracted.
Towards a general framework
We have thus far proposed a set of desirable properties and sketched the orga-
nization of a framework for modeling and reasoning with SKBs; however, there
are many challenges towards materializing the general vision. Figure 2 shows a
high-level outline of this vision—SKBs are populated by three general sets of
sources: social media and general Web-based resources, users themselves, and
users’ interactions with others. A mix between learning, scraping, and elicita-
tion techniques, as well as knowledge engineering in general, will help obtain not
only the information necessary for the individual components of the SKB but
also the relationships between them. These components will be built by leverag-
ing as much as possible existing tools (such as Bayesian networks, Datalog+/–,
etc.). Even if we assume that all necessary information is available to populate
these components, there are many challenges associated with bringing them to-
gether: scalability issues arising from the combination of individually tractable
components, semantic issues arising from the combination of open-world and
closed-world assumptions, alignment issues arising from different schemas used
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Fig. 2. A high-level overview of the proposed process of modeling and reasoning with
social knowledge. SKBs are built with information from the Web, individual users
interacting with online services, and social media. Individual components of the SKB
are modeled using different kinds of formalisms proposed in the literature for solving
more specific subproblems.
in different components, normalization issues arising from combining different
quantitative preferences, and so on.
5 Conclusions
In this position paper, we have discussed the need to develop novel knowledge
representation and reasoning tools and techniques that are adequate for tackling
the challenges that come with modeling social knowledge. We proposed a set
of desiderata to guide the development of such formalisms, and briefly outlined
how a unifying model can be built by leveraging existing research and novel
developments. The main contribution of such a discussion is the proposal of a
road map to guide research efforts towards this goal, as well as the novel proposal
of combining several research lines that up to now have been considered largely
in isolation: ontologies, preferences, uncertainty, stream reasoning, and complex
social networks.
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